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Introduction
Worldwide, breast cancer is the leading cause of cancer-related death among women 
ages 20 to 60 [1]. The World Health Organization [2] estimates that in 2020, 2.3 mil-
lion women will be diagnosed with breast cancer, with 685,000 dying from the disease. 
Malignant cells form abnormal masses within tissues. These cells spread throughout the 
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Breast cancer is one of the most common and deadly cancers, affecting millions 
worldwide. Early and accurate detection is essential for effective treatment and 
improved patient outcomes. Advances in medical imaging technologies, such as 
Digital Mammography (DM), Ultrasound (US), and Magnetic Resonance Imaging (MRI) 
provide clinicians with detailed information about breast tumors and surrounding 
tissues. However, merging and analyzing these multimodal images pose challenges. 
Medical image fusion combines images from different modalities to improve quality, 
reduce noise and redundancy, and support more precise clinical decisions. In 
this study, three models were developed to evaluate feature extraction strategies: 
Model A uses an AlexNet architecture, Model B employs a LeNet-5 architecture, and 
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a precision of 95%, a Recall of 96%, a F1 Score of 93%, and an ROC score of 96.95%, 
with minimal loss, demonstrating strong generalization and stability across epochs. 
These findings highlight the superior performance of the DWT-based approach with 
AlexNet and MCFO compared to other methods.

Keywords  Breast cancer, Multimodal image fusion, Principal Component Analysis 
(PCA), Discrete Wavelet Transform (DWT), AlexNet, LeNet, DenseNet, Modified Central 
Forced Optimization Filter (MCFO)

Journal of Electrical Systems
and Information Technology

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s43067-026-00340-2
http://orcid.org/0000-0002-3295-6408
http://crossmark.crossref.org/dialog/?doi=10.1186/s43067-026-00340-2&domain=pdf&date_stamp=2026-4-5


Page 2 of 31Ashraf et al. Journal of Electrical Systems and Information Technology           (2026) 13:37 

body and into blood vessels. They travel through the body, damaging other tissues and 
organs. Recent studies show that breast cancer accounts for 29% of all newly diagnosed 
cancer cases in women. Men can also develop breast cancer, although it is uncommon 
[3, 4]. When caught early, the survival rate can rise to 80%. Various factors, including age 
and family history, influence the risk of developing breast cancer. Breast tissue is catego-
rized into three main types [5]:

 	• Normal: Healthy breast tissue without abnormal cell growth. This category provides 
a baseline for detecting benign or malignant changes.

 	• Benign: The tumor is harmless to health if the cells are not malignant. It won’t spread 
to other parts of the body or invade nearby tissues. Unless it damages surrounding 
tissues, nerves, or blood vessels, a benign tumor is not a cause for concern.

 	• Malignant: This indicates that the tumor consists of cancerous cells and can spread 
to nearby tissues, making it dangerous. Metastasis is the process by which cancer 
cells enter the bloodstream or lymph nodes and spread to other parts of the body. 
This tumor is more lethal and hazardous.

MRI, US, and DM are common techniques used to detect breast cancer [6, 7]. Radi-
ologists examine breast abnormalities identified by screening DMs [8]. MRI can detect 
deeply damaged tissue, and ultrasound can determine whether a breast tumor is a liquid 
cyst or a solid mass [9]. To improve segmentation, pigment and texture features from 
histopathology images are utilized. Although medical image analysis techniques for his-
topathology are advancing, automated approaches for cost-effective and efficient diag-
nosis remain necessary [10, 11].

Image fusion (IF) involves combining images from multiple sensors to create an infor-
mative image that improves medical diagnosis and decision-making. Image Registration 
(PR) is the initial step in the fusion process, where reference images are used to align the 
source images. Image fusion approaches are categorized into three types: pixel-based, 
decision-based, and feature-based [12, 13]. When the original images come from the 
same sensor, (IF) is sometimes called multi-focus, multi-view, or multi-temporal fusion. 
Multi-focus fusion merges photographs taken with different focus lengths simultane-
ously. Multi-view fusion combines images captured from different viewpoints at the 
same time. In medical imaging, images from DM, MRI, and/or US can be combined 
simultaneously to emphasize differences or create realistic representations of parts that 
were not captured at the same time. Multi-temporal fusion integrates images taken at 
different times [14]. The medical field needs the fusion of various multimodal images 
because each modality alone often offers insufficient information for accurate diagnosis. 
The fused image allows for more precise diagnoses, such as detecting tumor regions and 
breast abnormalities [15–18]. Since the fused image incorporates multiple data sources 
that cannot be obtained from a single image, image fusion is a valuable technique for 
analyzing and utilizing large volumes of images close to the source [19, 20]. The deep 
learning architecture was developed to overcome the limitations of traditional machine 
learning methods by performing the entire task end-to-end and learning the full range of 
features from low to high levels, especially for breast cancer classification [21–23].

Beyond AlexNet, this study also examines the effectiveness of two other deep convo-
lutional neural network architectures: LeNet-5 and DenseNet-121. LeNet-5 is a con-
volutional neural network. Despite its relatively shallow structure, with seven layers 
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of alternating convolutional and subsampling layers, LeNet-5’s main ability to detect 
strokes, edges, and shapes provides a solid foundation for analyzing medical images [24].

In contrast, DenseNet-121 is a more recent deep convolutional neural network archi-
tecture that connects each layer directly to all subsequent layers. This dense connection 
pattern promotes feature reuse, mitigates the vanishing-gradient problem, and greatly 
reduces the number of parameters compared to older models. DenseNet-121 has shown 
strong feature extraction abilities that can be applied in medical imaging tasks [25].

This framework enhances the diagnostic classification of breast images (normal, 
benign, and malignant) by comparing three proposed approaches: AlexNet, LeNet-5, 
and DenseNet-121 architectures for feature extraction, combined with two decomposi-
tion methods for image fusion: PCA and DWT. All approaches use the (MCFO) filter 
to improve classification accuracy. The proposed methods were evaluated using a new 
dataset from the Baheya Foundation for Early Detection and Treatment of Breast Cancer 
in Egypt. A list of abbreviations is provided in Table 1.

The main contributions of this paper are summarized as follows

 	• Proposal and comparative analysis of three different model architectures for 
classifying breast cancer multimodal images: AlexNet, LeNet-5, and DenseNet-121.

 	• Performing a comparative analysis of the fusion of multimodal medical images using 
two different decomposition methods: PCA and DWT for dimensionality reduction.

 	• Enhancing the fusion results’ performance using the MCFO filter.
 	• The main advantage of using the AlexNet deep learning architecture for breast 

cancer diagnosis after image fusion with DWT or PCA is that it can effectively learn 
complex patterns and features from the fused medical images.

 	• The proposed methods were evaluated using a new breast cancer database from the 
Baheya Foundation for Early Detection and Treatment of Breast Cancer in Egypt.

Table 1  List of abbreviations
Abbreviations Explanation
IF Image Fusion

DL Deep Learning

ML Machine Learning

CNN Convolutional Neural Network

RNN Recurrent Neural Network

MMIF Multimodal Medical Image Fusion

US Ultrasound

AE Autoencoder

CNN Convolutional Neural Network

GAN Generative Adversarial Network

PCA Principal Component Analysis

DWT Discrete Wavelet Transforms

AVG. G Average Gradient

UIQI Universal Image Quality Index

SSIM Structural Similarity Index Measure

ROC Receiver Operating Characteristic

RMSE Root Mean Square Error

PSNR Peak Signal-to-Noise Ratio

ERGAS Error in Relative Global Dimensionless Synthesis
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 	• The performance of fusion methods was evaluated using six metrics: SSIM, PSNR, 
RMSE, CC, ERGAS, and UIQI.

 	• The performance of the deep learning method was evaluated using four metrics: 
Accuracy, Precision, Recall, F1-Score, and ROC-AUC.

 	• Improving the diagnostic classification of breast images (normal, benign, and 
malignant).

The rest of the study is organized as follows: Sect.   2 reviews the literature. Section   3 
offers a detailed explanation of the proposed framework, including fusion methods and 
classification algorithms. Section  4 describes the experimental setup in detail. Section  5 
presents the simulation results and compares the findings. Finally, Sect.  6 summarizes 
the conclusions.

Related work
The fused image provides a more accurate diagnosis, such as locating tumors and breast 
abnormalities. Since the fused image combines data that can’t be obtained from a single 
source image, image fusion is an effective technique for analyzing and using large vol-
umes of images from the source.

Yusuf et al. [26] proposed an automated method to detect invasive ductal carcinoma 
(IDC) using 277,524 image patches from a public histopathology dataset. They utilized 
deep transfer learning with two CNN pre-trained models, ResNet-50 and DenseNet-161, 
which achieved accuracy scores of 91.57% and 90.96%, respectively.

In addition to comparing six different activation functions, Ibrahim et al. [27] pro-
posed a CNN architecture with 15 convolutional layers and two fully connected layers. 
The PatchCamelyon dataset included 57,000 unannotated images for testing and 220,000 
annotated images for training. The highest AUC achieved by their model was 95.46%.

Eman et al. [28] presented various methods for classifying breast cancer, including 
magnetic resonance imaging, ultrasound, and mammography. Fusion can be classified 
as either early or late. Early fusion involves direct connections between modalities, while 
late fusion focuses on learning the complex relationships among multiple modalities. 
As a result, late fusion methods generally yield more accurate results. They achieved an 
F-score of 94.65% and a balanced accuracy of 95.2%.

Othman et al. [29] developed a hybrid deep-learning model that makes decisions using 
data from multiple sources by designing and implementing two different classifiers. 
Compared to predictions based on a single data modality, incorporating multi-omics 
data (clinical, gene expression, and copy number alteration data) from the Molecular 
Taxonomy of Breast Cancer International Consortium (METABRIC) dataset is expected 
to improve the accuracy of patient survival predictions. They achieved an accuracy of 
97.0%.

A feature and decision fusion approach for diagnosing breast cancer was reported by 
Yadav, Rohit, et al. [30]. Low-contrast mammography images were initially enhanced 
using CLAHE technology. They then applied a CNN to extract features. Classifiers were 
developed with machine learning methods (SVM, DT, and RF). The ensemble voting 
classifier produced the final prediction. The accuracy rates for the three algorithms were 
95%, 94.3%, and 92.3%. The results indicated that RF outperformed SVM and DT in BC 
prediction. Overall accuracy increased to 96.18% when using voting classifiers (SVM, 
DT, and RF).
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To assist with breast cancer diagnosis and classification, Sahar et al. [31] compared the 
pre-trained model AlexNet with a proposed machine learning-based model for breast 
cancer detection and classification. They analyzed three datasets- A, B, and C- and com-
bined them to create two new datasets, A2C and B3C. Dataset A2C is a fusion of A, B, 
and C with two classes: benign and malignant, whereas Dataset B3C merges A, B, and 
C into three classes: benign, malignant, and normal. Dataset A contains 780 images col-
lected from [32, 33], Dataset B has 7783 images collected from [33, 34], and Dataset C 
includes 1126 images collected from [32]. They achieved an accuracy of 94.5% on Data-
set B3C and 94.9% on Dataset A2C.

Hamdi et al. [35] demonstrated that combining data from multiple image modalities, 
such as mammography and ultrasound, can significantly improve classification accuracy. 
Since they allow deep supervision and effective gradient flow during training, dense con-
nections are commonly used in computer vision. DenseNet achieves impressive results 
in natural image classification by using feed-forward connections between all layers. It is 
possible to learn more complex combinations of modalities with DenseNet 201, which 
connects similar and different routes. Multi-modal images gather features from various 
perspectives and provide additional information. The reported metrics were 93.83% for 
accuracy, recall, and precision; 95.61% for the area under the curve; and 93.8% for the F1 
score.

Hussain et al. [36] presented a multimodal dataset that includes imaging and textual 
data, such as clinical and radiological features. They proposed a DL-based Multiview 
Multimodal Feature Fusion (MMFF) strategy for breast cancer classification, which uses 
images and tabular data from an in-house dataset they created. Imaging features were 
extracted using a ResNet50 model, while textual features were obtained with an artificial 
neural network (ANN). Afterwards, features from both modalities were fused using a 
late feature fusion strategy. The model achieved an AUC of 0.874.

Mahmood et al. [37] introduced a Multi-Modal Feature Fusion Network for Histopa-
thology (MFF-HistoNet) to address the challenges of multi-grading breast images and 
to significantly enhance diagnostic accuracy. MFF-HistoNet combines a CNN with a 
Quantum Tensor Network (QTN). The GLCM method is used alongside LBP and Gabor 
filtering to extract local cell shape features of histopathological images across space, 
scales, and orientations. The MFF-HistoNet al.gorithm achieved an accuracy of 98.8% at 
the image level and 98.4% at the patient level under 100× magnification, and 98.1% and 
98.9% under 40× magnification.

Ghantasala et al. [38] introduced HXM-Net, a deep learning model specifically 
designed to improve breast cancer detection by combining multi-modal ultrasound 
imaging. HXM-Net uses Convolutional Neural Networks (CNNs) to extract spatial fea-
tures and Transformer-based fusion to effectively combine information from B-mode 
and Doppler ultrasound images. HXM-Net achieved an accuracy of 94.20%, a sensitivity 
(recall) of 92.80%, a specificity of 95.70%, an F1 score of 91.00%, and an AUC-ROC of 
0.97%.

Recent studies show that many scenarios can improve complementary information 
through well-designed deep learning and feature fusion modules. However, it is impor-
tant to highlight the mishandling of the following, as shown in Table 2.

 	• Feature uncorrelation can reduce fusion performance in specific cases.
 	• A limited number of medical images are available, so more preprocessing is needed.



Page 6 of 31Ashraf et al. Journal of Electrical Systems and Information Technology           (2026) 13:37 

 	• Small, unbalanced datasets.
 	• Some imaging modalities are unavailable.
 	• Limited use of diverse models in digital mammograms.

To overcome the limitations of current image fusion techniques, this paper proposes 
a superior decomposition-based multi-modal image fusion method for breast cancer 
classification.

Proposed methodology
System overview

Figure 1 presents a general flow diagram of the proposed system. The goal is to clas-
sify breast cancer using a multi-modal image fusion technique. This method combines 

Table 2  Literature of previous studies
Ref.,
Year

Detection 
techniques

Models Fusion strategies Dataset Results

[26],
2020

ResNet-50 and 
DenseNet-161

Invasive ductal 
carcinoma (IDC)

N. A. The public 
histopathol-
ogy data-
set contains 
277,524 
images.

This has yielded an F-score of 
92.38% and a balanced ac-
curacy value of 91.57%.

[27],
2020

Convolutional 
neural net-
work (CNN)

Classification of 
histopathology 
images

N. A. Patch 
Camelyon

AUC of 95.46%.

[28],
2022

DenseNet 201 Mammogra-
phy, magnetic 
resonance, and 
ultrasound

Earlier fusion and 
later fusion

Mini-DDSM
And BUSI

F-score of 94.65% and balanced 
accuracy value of 95.2%

[29],
2023

(CNN) 
Architecture

The gene ex-
pression profile 
data

LSTM
and GRU

METABRIC 
dataset

The accuracy achieved by LSTM 
is 97.0%.

[30],
2022

(CNN) 
Architecture

DMs Decision fusion 
(SVM,
decision tree, and 
random forest)

MIAS dataset The accuracy achieved by SVM
is 92.30, while using decision 
fusion (SVM, decision tree, and 
random forest), the highest ac-
curacy of 96.12% is achieved.

[31],
2023

AlexNet Ultrasound and 
histopathologi-
cal
images.

Fuzzing these 
datasets
and got 2 datasets, 
A2C and B3C.

Three custom-
ized datasets, 
A, B, and C.

Accuracy of 94.5% on Dataset 
B3C and 94.9% on Dataset A2C

[35],
2021

DenseNet-201 Mammography 
and ultrasound

Early and late 
fusion

Mini-DDSM
And BUSI

Accuracy, recall, precision, area 
under the curve, and F1 score 
were 93.83%, 93.83%, 93.83%, 
95.61%, and 93.8%, respectively.

[36],
2024

Efficient-
Netb7 + ANN

Mammography Multiview mul-
timodal feature 
fusion (MMFF)

Developed 
an in-house 
dataset

AUC of 0.874

[37],
2025

MFF-HistoNet 
combines a 
CNN and a 
Quantum Ten-
sor Network 
(QTN).

Histopathologi-
cal images

The GLCM method 
is fused with LBP 
and Gabor filtering.

The BreaKHis 
dataset

Accuracy of 98.8% at the image 
level and 98.4% at the patient 
level under 100× magnification.

[38],
2025

HXM-Net Multi-modal 
ultrasound 
imaging

Transformer-based 
fusion

Developed 
an in-house 
dataset

Accuracy of 94.20%, sensitivity 
(recall) of 92.80%, specificity of 
95.70%, an F1 score of 91.00%, 
and AUC-ROC of 0.97
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medical images from breast cancer imaging datasets. The datasets used are customized 
from the Baheya Foundation for Early Detection and Treatment of Breast Cancer, featur-
ing three different modalities: ultrasound, DM, and magnetic resonance imaging. Image 
fusion is based on Principal Component Analysis (PCA) or Discrete Wavelet Transform 
(DWT). The fused images are enhanced using a modified central forced optimization 
(MCFO) filter. For classification, key features are extracted using deep learning archi-
tectures such as AlexNet, LeNet-5, and DenseNet-121. Finally, the system’s performance 
is assessed with various evaluation measures, detailed in the sections below. The goal 
is to improve diagnostic capabilities by integrating data from multiple modalities and 
databases.

Medical imaging types

Image processing techniques, such as image fusion, are becoming increasingly important 
in modern medicine and healthcare by deriving clinical data from multimodal medical 
imaging, including MRI-MRA, MRI-PET, CT-MRI, MRI-SPECT, PET-CT, X-ray-US, 
US-MRI, and US-DM. This paper initially analyzes three types of medical images for 
breast cancer: MRI, DM, and US [3].

Magnetic resonance imaging (MRI)

It combines a magnetic field and a radio wave to produce precise images of breast tis-
sue; we use it as a functional modality to show blood flow and verify each tissue’s proper 
function. This medical imaging technique employs magnetic flux, radiofrequency related 
to the illness, and various biological processes. The main feature of MRI is that it cre-
ates “slices” of the human body using magnetic signals, revealing details about damaged 
soft tissues. Since “multi-model imaging” involves generating signals for multiple imag-
ing techniques simultaneously, image fusion overcomes the limitations of multi-modal 

Fig. 1  The block diagram of the general framework
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imaging by enabling the recovery and prediction of missing MRI data. Thus, by com-
bining MRI with other images, missing data can be restored. When used with other 
modalities, MR images tend to improve clinical usefulness and imaging accuracy with 
current image fusion technology. Several researchers have worked on integrating MRI 
with other modalities using image fusion techniques. Common pairings include MRI-
PET and CT-MRI [39].

Ultrasound imaging (US)

Ultrasound is commonly used alongside mammography and utilizes sound waves to 
produce images of breast tissue. It functions as a structural technique to describe breast 
anatomy and tumor boundaries. The main mechanism of US imaging is the slight vibra-
tions generated by the radiation energy within the body. To enhance breast cancer diag-
nosis, vibro-acoustography (VA), another imaging method, combines mammography 
with ultrasound-animated acoustic emission. US imaging is also being researched as a 
non-invasive method to harvest tissues from the liver, breast, prostate, and arteries. It 
can evaluate variations in mechanical response to resonance in specific environments, 
serving as a nondestructive technique to detect hidden flaws in materials. Since mam-
mography X-rays cannot reveal the length and density of structures, ultrasonic imaging 
remains valuable, especially considering tissue thickness. Applications include analyzing 
breast development and detecting mass lesions. Furthermore, a fusion strategy based on 
pixels or color can provide more detailed and visual information by combining images 
from two different sensors, X-ray and ultrasound, thus improving diagnostic data [39].

Digital mammography (DM)

For screening and diagnosis, a personalized breast X-ray image is used. DM is the most 
effective tool for detecting and diagnosing breast cancer early. Each breast is shown in 
two images: medial-lateral-oblique (MLO) and craniocaudal (CC). DM offers benefits 
such as a lower death rate, earlier treatment, and safe radiation exposure.

Image fusion techniques

Data preprocessing was conducted to enhance data quality and create a clean dataset 
suitable for model development. Without preprocessing, issues such as inconsisten-
cies, errors, noise, missing data, and model overfitting can arise. To increase accuracy 
and quality while maintaining the complementary information of the images, the mul-
timodal image fusion approach combines multiple images from one or more imaging 
modalities [6]. The most common medical image fusion methods include CT, MRI, US, 
and SPECT. Although SPECT and PET scans have lower spatial resolution, they provide 
valuable information about the body, including blood flow, soft tissue movement, and 
metabolism. As shown in Fig. 2, high-resolution images produced by MRI, CT, and US 
scans offer detailed anatomical information. Usually, multimodal images are created by 
merging structural and functional images to provide additional insights that assist medi-
cal professionals in diagnosing clinical conditions.

Principal component analysis (PCA)

 It is a statistical technique that retains important information while reducing the data’s 
dimensionality. The fusion process is expected to include extracting key elements from 
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each modality and merging them to create a comprehensive view of breast tissue. PCA 
is a powerful dimensionality reduction technique that can effectively combine medical 
images from multiple modalities into a single fused image representation [7]. The fused 
image captures the most relevant information from the input images, providing a com-
plete perspective of tumor characteristics, as shown in Fig. 3. The key steps in this pro-
cess are:

 1.	Data Preprocessing: Collect a set of medical images (DMs, ultrasounds, and MRIs) 
from breast cancer patients. Preprocess the images by normalizing pixel values, 
resizing them to a uniform size, and converting them to a standard format (e.g., 
grayscale).

2.	 Feature Extraction: Apply PCA to the preprocessed images to extract the most 
important features that capture the underlying patterns in the data. PCA identifies 
the principal components (PC) that account for the maximum variance in the data, 
effectively reducing the dimensionality of the input images.

3.	 Image Fusion: Combine collected PCs from various imaging modalities to create a 
single image representation. This fusion can be achieved by concatenating the PCs 
from each modality or by using weighted averaging, depending on the importance of 
each PC.

4.	 Classification and Evaluation: Deep learning classifiers can use the fused image 
representation to diagnose and stage breast cancer. The classifier may be trained on 
fused images to identify patterns associated with different stages or types of breast 

Fig. 3  Medical image fusion scheme using PCA transform

 

Fig. 2  A block diagram describing the fusion steps
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cancer. Breast cancer detection and staging methods can be evaluated using relevant 
metrics such as accuracy, sensitivity, and specificity. Validation with an independent 
dataset is essential to confirm the generality of the technique. The fused images are 
then evaluated using “Evaluation Metrics” to assess the quality of the fusion process. 
Metrics like the signal-to-noise ratio, structural similarity index, or other performance 
indicators relevant to image fusion tasks may be employed as evaluation tools.

Discrete wavelet transform (DWT)

This technique is used to merge two or more images to create a higher-quality final 
image. Let’s explain the function of each block in this diagram, as shown in Fig. 4.

 

  (1)	  DWT (Discrete Wavelet Transform): This block applies the discrete wavelet 
transform to the source image, breaking it down into various frequency components 
[8]. The output consists of wavelet coefficient maps that represent the spectral and 
spatial information of the source image.

   (2)	 Fusion Decision: This step determines how to combine the wavelet coefficient 
maps obtained from multiple source images. It employs various fusion algorithms to 
select the best values from each wavelet coefficient map to generate the fused wavelet 
coefficient maps.

   (3)	 Fused Wavelet Coefficient Maps: This section presents the fused wavelet coefficient 
maps produced by the fusion decision block. These maps contain combined spectral 
and spatial information from multiple source images.

   (4)	 Inverse DWT (IDWT): This section performs the inverse discrete wavelet 
transform on the fused wavelet coefficient maps. The result is the final fused image, 
which integrates both spectral and spatial information from multiple source images. 
This diagram generally shows how the discrete wavelet transform technique is used to 
combine several source images and generate a final image of higher quality than the 
original ones.  

 

Modified central forced optimization (MCFO) filter

The MCFO filter is a variation of the central forced optimization (CFO) filter, a nonlin-
ear method used for image denoising. It is designed to overcome the limitations of the 
original CFO filter, which can sometimes create artifacts or fail to preserve important 

Fig. 4  Medical image fusion scheme using wavelet transform
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image details. The MCFO filter adds extra steps to enhance the CFO filter’s performance, 
such as adaptive window size selection and an improved cost function optimization. It is 
especially effective at removing Gaussian, impulse, and mixed noise from images while 
maintaining edges and other key features. In various image processing applications, 
the MCFO filter outperforms other advanced denoising methods, including median 
and Wiener filters. Figure 5 demonstrates that the MCFO filter is computationally effi-
cient and easy to apply in real-time scenarios, making it suitable for many video and 
image processing tasks [10]. The main steps of the modified central forced optimization 
(MCFO) filter are as follows:

1.	 Position Feedback Information: This indicates the current position of the quadrotor, 
which is measured and sent back to the control system. Position feedback can come 
from sensors like GPS, vision-based systems, or other tracking methods. This feedback 
is used to compare the actual position of the quadrotor with the desired position.

2.	 Path Planning Process: This section generates a desired, time-varying position path 
that the quadrotor should follow. The path-planning process may involve algorithms 
that consider factors such as obstacles, waypoints, and optimization criteria to 
produce a smooth, feasible trajectory. The output of this block is the desired position 
path over time, represented by position coordinates.

3.	 Position Controller (Outer Loop): This is the outer control loop that manages the 
quadrotor’s position. It uses position feedback and the desired position path as inputs. 
The position controller compares the actual position with the desired position and 
produces the expected time-varying attitude information (Euler angles) needed to 
follow the path. These Euler angles represent the desired orientation of the quadrotor, 
which the inner attitude controller will aim to achieve.

4.	 Attitude Controller (Inner Loop): This is the inner control loop that manages the 
attitude (orientation) of the quadrotor. It receives the expected time-varying attitude 
information (Euler angles) from the position controller as the desired attitude. The 
attitude controller uses the current attitude feedback and the desired attitude to 
generate the appropriate control signals. These signals are then sent to the quadrotor’s 
dynamics model to activate the motors and achieve the desired orientation.

5.	 Dynamics Model of the Quadrotor Helicopter: This component represents the 
mathematical model that describes the quadrotor helicopter’s dynamics. It includes 
the equations of motion, aerodynamic forces, and other physical properties of the 
quadrotor. The control signals from the attitude controller are applied to this model, 
which then updates the state of the quadrotor (position, velocity, orientation, etc.).

Fig. 5  Main steps of the modified central forced optimization (MCFO) filter
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6.	 Attitude Feedback: This indicates the current attitude (orientation) of the quadrotor. 
This information can be obtained from sensors like gyroscopes, accelerometers, or 
vision-based systems. This feedback is used by the attitude controller to compare the 
actual orientation with the desired one and to make the necessary adjustments.

The MCFO filter is a nonlinear optimization-based denoising method designed to 
improve fused medical images while maintaining edges and clinical features. Given an 
input fused image, I(x, y), of size M × N, the MCFO filter works by minimizing a cost 
function that balances fidelity to the original image and smoothness constrained by local 
statistics.

The MCFO is a population-based metaheuristic algorithm that explores a Decision 
Space (DS) by flying a group of probes (Np), with trajectories governed by equations 
similar to the laws of gravitational motion in the physical universe [9]. This technique 
primarily has three parameters for each probe: position vector (R), acceleration vec-
tor (A), and fitness value (M). The MCFO has two main modifications over the CFO to 
enhance its accuracy and memory capability for updating probe positions, causing them 
to be attracted to the best previously visited positions according to the following Eq. 
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)
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(
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1
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)
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2

N t
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where Gj is the value of the current gravitational constant, Go is the initial gravitational 
constant, γ is the descent coefficient factor, p is the probe number, Nt is the maximum 
number of iterations, C1 and C2 are the time-varying acceleration coefficients, rand1 
and rand2 are two random numbers in the range [0, 1], U(.) is the unit step function, 
α and β are the CFO exponents, and Δt is taken as a unit time step increment. For the 
proposed medical image fusion algorithm, the fitness value is based on maximum local 
contrast, maximum entropy, or optimal PSNR of the fused images. These metrics were 
chosen because they are the most commonly used and trusted measures for evaluating 
image quality. The gain parameter values a1, b1 for high-pass sub-bands and a2, b2 for 
low-pass sub-bands lie within the interval [0–1], under the constraint a1 + b1 = 1, and 
a2 + b2 = 1.
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Deep learning methods

AlexNet architecture

Having been trained on more than a million images, AlexNet is a pre-trained deep con-
volutional neural network (DCNN) that can classify images into 1, 000 different catego-
ries. This network accepts a 227 × 227 × 3 image as input and consists of eight layers 
[11]. The first convolutional layer filters the input image using 96 kernels (11 × 11 × 3) 
with a stride of 4 pixels. The second layer contains 256 kernels (5 × 5 × 48). The first two 
convolutional layers are followed by a max- activation pooling layer and a normalization 
layer. The third, fourth, and fifth convolutional layers are not separated by pooling lay-
ers. The outputs of the second convolutional layer are connected to 384 kernels of size 3 
× 3 × 256 through the third convolutional layer. The fourth convolutional layer has 384 
kernels (3 × 3 × 192), and the fifth has 256 kernels (3 × 3 × 192). After the fifth convolu-
tional layer, a max-pooling layer outputs into two fully connected layers, each containing 
4096 neurons. The SoftMax classifier provides 1, 1000 class labels from the second fully 
connected layer. A dropout layer with a rate of 0. 5% is applied in the first two fully con-
nected layers, and each of the first seven layers uses a Rectified Linear Unit (ReLU) acti-
vation function. This study fine- tunes the last layers of the original AlexNet architecture 
to address the breast mass classification problem in DM images. The feature extraction 
layers of the original model are preserved, while the final three layers are replaced with 
new layers: a fully connected layer, a SoftMax layer, and a classification output layer spe-
cifically designed for the new dataset. The number of outputs in the final layer is reduced 
from 1,000 to three, corresponding to the classes of benign, normal, and malignant. The 
fully connected layers are set to have three hidden layers to accommodate this, as shown 
in Fig. 6. The model classifies images into three categories rather than the typical 1,000 
classes for which AlexNet was originally designed. The AlexNet architecture functions 
as an end- to- end classifier using SoftMax.

LeNet-5 architecture

Being one of the earliest convolutional neural networks, LeNet-5 is a classic DCNN 
architecture. The standard LeNet-5 architecture, as shown in Fig. 7, is relatively shallow 
compared to modern networks. It typically accepts a 32 × 32 × 1 grayscale image as input 
and contains seven layers, including convolutional and subsampling layers. The network 
uses 6 kernels of size 5 × 5 in the first convolutional layer to extract low-level features 
like edges and curves. This is followed by a subsampling, or pooling, layer to reduce the 
spatial dimensions. A second convolutional layer applies 16 larger kernels of size 5 × 5 
× 6 to learn more complex features [12]. This is followed by another subsampling layer. 
The output is then flattened and passed through a fully connected convolutional layer, 
often referred to as C5, with 120 feature maps, followed by a fully connected layer called 

Fig. 6  Modified AlexNet model for deep learning
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F6 with 84 neurons. Finally, an RBF, or Radial Basis Function, or SoftMax classifier layer 
outputs one of 10 class labels representing the digits 0 through 9. The original LeNet-5 
used activation functions like tanh or sigmoid, rather than the ReLU units common in 
modern networks.

This study addresses the issue of classifying breast masses in DM images by fine-tun-
ing the final layers of the original LeNet-5 architecture. Although LeNet-5 was trained 
on simple, centered digits, its core ability to detect strokes and shapes offers a useful 
foundation for analyzing medical images. The feature extraction layers of the original 
LeNet-5 are kept unchanged. However, since the original network was designed for low-
resolution grayscale digits, we need to adapt both the input and output layers for medical 
images. First, DM images are resized to match LeNet’s expected input dimensions. Sec-
ond, the last three layers are replaced with new ones: a fully connected layer, a SoftMax 
layer, and a classification output layer tailored for the new dataset. The original output 
layer, designed for recognizing 10 digits, is discarded. As our dataset requires classifi-
cation into three categories (normal, benign, and malignant), we reduce the fully con-
nected layers to output three values. The final layers are configured to map the high-level 
features learned by LeNet-5 to the decision boundary needed for breast mass diagno-
sis. This fine-tuning process enables the shallower LeNet-5 architecture to be effectively 
adapted for medical image analysis.

DenseNet-121 architecture

The DenseNet-121 architecture, as shown in Fig. 8, is a modern deep convolutional 
neural network that establishes direct connections between any layer and all subse-
quent layers [40]. This dense connectivity pattern encourages feature reuse, mitigates 
the vanishing-gradient problem, and significantly reduces the number of parameters 
compared to traditional architectures. Originally trained on the ImageNet dataset for 
1000-class object recognition, DenseNet-121 has demonstrated strong feature extrac-
tion capabilities that can be transferred to medical imaging tasks. In this study, we adapt 
DenseNet-121 for breast mass classification in DM images by fine-tuning its final lay-
ers. The original network expects RGB images of size 224 × 224, so DMs are resized 
accordingly.

To better capture multi-resolution textural information, each image undergoes pre-
processing with a 2-level discrete wavelet transform, and the resulting coefficient maps 
are combined into a three-channel input. The pretrained convolutional base is preserved 
to utilize hierarchical features learned from natural images, while the original classifica-
tion head, which includes a global average pooling layer, a fully connected layer, and a 
softmax layer, is replaced with a new fully connected layer of 3 neurons (one for each 

Fig. 7  The LeNet-5 model for deep learning [12] 

 



Page 15 of 31Ashraf et al. Journal of Electrical Systems and Information Technology           (2026) 13:37 

class: normal, benign, malignant), followed by a softmax layer and a classification output 
layer. During fine-tuning, the early layers of the network are frozen to maintain general 
features, and only the later layers are trained on the breast cancer dataset. This transfer 
learning approach enables the deep DenseNet-121 model to be effectively adapted for 
medical image analysis, achieving robust performance with limited medical data. 

System setup
Experiment setup

To evaluate all the proposed models, we employed a holdout validation method. The 
dataset was randomly split into three distinct subsets: 70% for training, 15% for valida-
tion, and 15% for testing. The training set was used to update the network weights via 
backpropagation, while the validation set assisted in selecting hyperparameters (such 
as the learning rate and number of epochs) and acted as an early stopping criterion to 
prevent overfitting. After training, the test set, which was never seen during training 
or validation, was used to objectively measure the model’s final classification perfor-
mance, including accuracy, confusion matrix, and ROC curves. This approach is com-
putationally efficient for large datasets and ensures that the reported metrics accurately 
reflect the model’s ability to generalize to unseen data. Although k-fold cross-validation 
can provide a more robust estimate by averaging results over multiple splits, the hold-
out method is commonly used in medical image analysis due to its simplicity and lower 
computational requirements, especially when paired with a representative validation set.

In this study, the hyperparameters for all deep learning models were carefully selected 
to balance training efficiency and classification accuracy. The input images were resized 
according to each architecture’s requirements: 32 × 32 pixels for LeNet-5 and 224 × 224 
pixels for both AlexNet and DenseNet-121. All models were trained using the Adam 
optimizer with an initial learning rate of 0.001, which facilitates adaptive gradient 

Fig. 8  Five-layer dense block. Each layer picks all previous feature maps as input [40] 
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updates and faster convergence. The training process lasted 30 epochs with a mini-batch 
size of 32, ensuring stable gradient estimates while fitting within memory limits on a 
single CPU. To prevent overfitting and support hyperparameter tuning, 15% of the train-
ing data was held out as a validation set, and early stopping was applied based on valida-
tion loss. For the wavelet-based fusion methods, a two-level discrete wavelet transform 
with the Daubechies-1 (db1) filter was used to extract multi-resolution texture features 
from the input images. In the PCA-based fusion method, the number of principal com-
ponents was selected to retain 95% of the total variance, ensuring dimensionality reduc-
tion without significant information loss.

The modified central forced optimization (MCFO) filter, integrated into the AlexNet 
models, was set with a population size of 50 and 20 iterations to enhance feature selec-
tion. All preprocessing steps, including image resizing, wavelet decomposition, PCA 
transformation, and feature normalization, were fitted solely on the training set before 
being applied to the validation and test sets to prevent data leakage. These hyperparame-
ter choices ensured reproducible and clinically relevant results across all three proposed 
models.

The database

An important initial step in any multimodal medical image fusion approach, espe-
cially for testing and diagnosis, is to examine key multimodal medical datasets, which 
will be discussed in this section. To validate the fusion method, researchers need medi-
cal images from the same and different patients that include multiple modalities, even 
though many datasets are freely available online for experimental purposes. These 
images were mostly captured during the same period; however, some were taken at dif-
ferent times to assist in diagnosing and assessing disease progression or regression. A 
collaboration agreement was established with Baheya Hospital in Egypt to collect data 
from various imaging technologies to improve the diagnostic system for early detection 
of breast cancer. The modality types are MRI, DM, and US for the same patient to obtain 
complementary information. If any feature is lost in one modality, the other modality 
will compensate for what is missing.

The database from Baheya Hospital for early breast cancer detection, as shown in 
Table  3, is approximately 14 GB and contains four subfolders. The first subfolder is 
“benign,” comprising 200 folders; each folder represents a patient who has undergone 
multimodality imaging, including MRI, US, and DM for each case. The second subfolder 
is “malignant,” with about 200 patients who have undergone US and DM. The third sub-
folder is “normal,” containing around 100 patients who have had DM. The final folder 

Table 3  Dataset from Baheya Hospital
Dataset Years Format Modalities Resolution Col-

ored or 
grayscale

Image categories Access

Baheya 
Hospital

2014 
to 
2024

DICOM MRI
US
DM

1280* 960
Pixels/Inch

Gray Scale 
without 
Mask

This data set contains 
538,264 images for 505 
patients and is labeled 
into DM, US, and MRI 
with 1280*960 dpi and 
24-bit depth: (67280) 
Normal, (201860) Benign, 
and (269124) Malignant.

New 
cus-
tom-
ized 
dataset 
from 
Baheya 
Hospi-
tal
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has two subfolders: the first contains patients classified as “malignant,” who have under-
gone MRI and have confirmed late-stage cancer; these cases are not useful for early 
detection, so there are only five cases. In total, there were 505 instances. The dataset 
includes 538,264 images with a resolution of 1280 × 960 pixels and 24-bit depth. The data 
was collected over a decade, from 2014 to 2024, and is in DICOM format. The system is 
monitored, as shown in Table 4. The third US dataset comes from Baheya; however, it is 
a standard dataset. This data examines ultrasound images of breast cancer. The breast 
US dataset is divided into three groups: normal, benign, and malignant. Examples from 
the dataset are shown in Figs. 9 and 10.

Importantly, all images from a single patient were assigned to only one data split to 
prevent the model from learning patient-specific features instead of general disease pat-
terns. Patient IDs were monitored throughout the preprocessing pipeline to guarantee 
this separation. The class distribution was preserved across all splits (stratified sampling) 
to retain the original ratios of benign, malignant, and normal cases.

To ensure comprehensive model evaluation and prevent patient-level data leakage, 
we adopted a strict patient-based partitioning strategy. All DM images were initially 
grouped by unique patient identifiers, ensuring that multiple scans or views from the 
same patient were assigned solely to the training, validation, or test set. This prevents 
the model from “memorizing” patient-specific features and ensures that performance 
metrics accurately reflect generalization to unseen individuals. The patient groups were 
then randomly divided into three subsets: 70% for training, 15% for validation, and 15% 
for testing, as shown in Table 5, with stratification applied to maintain the prevalence of 
Normal, Benign, and Malignant classes across all splits. For cross-validation, a Group-
KFold approach was employed to preserve patient separation across folds, avoiding 
the issues of standard KFold, which can inadvertently mix data from the same patient 
between training and validation. All preprocessing steps, including normalization and 
wavelet coefficient scaling, were performed exclusively on the training set before being 
applied to the validation and test sets to prevent information leakage. This approach 
aligns with best practices in medical imaging AI, where neglecting patient-level cluster-
ing can lead to overly optimistic performance estimates. Research indicates that strict 
patient-level splitting significantly reduces artificially inflated accuracy (e.g., from 95 
to 99% down to 66–90%), providing a more realistic assessment of clinical utility. For 
the study evaluating detection rates between patients and within individuals, a sub-
group analysis was carried out. The I2 value was used to evaluate study heterogeneity. 
An I2 value between 75% and 100% was considered to indicate significant heterogeneity. 
P-value < 0.05 (two tails) and 95% CI were used to determine significance.

Performance metrics

Fusion evaluation metrics

Fusion evaluation metrics are quantitative indicators used to objectively assess the effec-
tiveness and accuracy of a data fusion process. They often compare the output of the 
fusion system to ground truth or reference data before assigning a numerical score or 
rating to indicate the quality of the fusion result. Six assessment metrics were used to 
evaluate the accuracy of the fusion operations: correlation coefficient (CC), root mean 
squared error (RMSE), structure similarity index (SSIM), peak signal-to-noise ratio 
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(PSNR), error relative global dimensionless synthesis (ERGAS), and universal image 
quality index (UIQI).

System evaluation metrics

Deep Learning (DL) techniques use combined images to develop a model for breast 
cancer classification. The system employs the AlexNet architecture to train deep learn-
ing algorithms. After training, the model’s performance is evaluated to determine its 
accuracy and effectiveness in identifying breast tumors. The proposed techniques were 
assessed using five metrics: accuracy, precision, Recall, F1 Score, and the ROC (Receiver 
Operating Characteristic) Curve. The confusion matrix output provides information on 
false positives (FP), true negatives (TN), false negatives (FN), and true positives (TP).

Simulation results and comparative analysis
Results and evaluation using (AlexNet + PCA + MCFO)

Figure 11a shows the simulation results for the proposed AlexNet PCA fusion frame-
work across three modalities (MRI-US-DM), illustrating the relationship between train-
ing accuracy and training loss versus iteration, with 50 epochs. The system achieves an 
accuracy of 88.74% and a precision of 87%. For the ROC curve, which displays the rela-
tionship between the true positive rate and the false positive rate, Fig. 11b presents the 
simulation results of the suggested AlexNet PCA fusion architecture. The system attains 
a 91.76% ROC score. Figure 12 displays the input and output images of the PCA decom-
position method used for image fusion with an AlexNet architecture for feature extrac-
tion, enhanced with a modified central forced optimization filter (MCFO). It shows the 
three input modalities: MRI image, DM image, and US images, along with the resulting 
fused output from these modalities using (PCA+MCFO).

As shown in Fig.  13, a confusion matrix illustrates a classification method’s perfor-
mance. It displays false positives, false negatives, true positives, and true negatives. The 
classification correctly identifies 2163 malignant cases, as indicated by the first number. 
The incorrect classification is shown by the second number, which represents 19 false 
negatives.

Results and evaluation using (AlexNet + Wavelet + MCFO)

Figure 14a shows the simulation results for the proposed AlexNet Wavelet fusion frame-
work across the three modalities (MRI-US-DM) and illustrates the relationship between 
training accuracy and training loss over iterations, with the number of epochs set to 50. 
The system achieves an accuracy of 97.4% and a precision of 95%. The simulation results 
for the ROC (receiver operating characteristic) curve, which demonstrates the relation-
ship between the true positive rate and the false positive rate, are presented in Fig. 14b 
for the proposed AlexNet Wavelet fusion architecture.

Because the fusion strategy is more effective and provides more informative images 
that allow the model to train and validate more accurately and easily, the system achieves 
a 96.95% ROC score. Figure 15 shows the input and output images of the wavelet decom-
position method for image fusion with an AlexNet architecture for feature extraction, 
enhanced with a modified central forced optimization filter (MCFO). It displays the 
three input modalities: MRI image, DM image, and US images, along with the output 
fusion results from these modalities using (Wavelet+MCFO).
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As shown in Fig.  16, a confusion matrix illustrates a classification method’s perfor-
mance. This allows for identifying false positives, false negatives, true positives, and true 
negatives. The categorization correctly recognizes 1229 malignant cases, as indicated by 
the first number. The figure also shows that 19 out of 311 instances are benign because 
they are incorrectly labeled as negative.

Results and evaluation using (LeNet + PCA + MCFO)

Figure 17a shows the simulation results for the relationship between training accuracy 
and training loss over iterations for the proposed PCA-based fusion method. In Fig. 17b, 
the ROC curve for the PCA method using LeNet illustrates the simulation results of 
the proposed PCA fusion framework with LeNet training across three modalities and 
presents the confusion matrix, which displays the classification performance for the 
three classes. The system achieves an accuracy of 85.56% with the linear model, fall-
ing within the target accuracy range of 83–88%. The training was carried out over 30 
epochs with a learning rate of 0.001 and a batch size of 32 on a single CPU, as shown 
in the training progress graph. In this graph, the validation accuracy reaches 85.56%, 

Fig. 9  The original ultrasound breast image dataset samples, which were obtained with the LOGIQ E9 ultrasound 
machine
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while the smoothed training accuracy reaches 84.7%. The confusion matrix, as shown in 
Fig. 18, provides detailed class-wise performance: the Normal class correctly identifies 
25 instances, the Malignant class correctly identifies 24 instances, and the Benign class 
shows 3 correct predictions, with some misclassifications occurring between the Benign 
and Malignant categories.

Table 5  Dataset split used in the proposed multi-modal image fusion for breast cancer classification
Dataset split Percentage Number of patients Number of images
Training 70% 354 376,786

Validation 15% 76 80,739

Testing 15% 75 80,739

Fig. 10  Samples of breast image dataset: a normal DM, b benign DM, c malignant DM, and d malignant MRI
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Results and evaluation using (LeNet-5 + Wavelet + MCFO)

Figure 19 shows the simulation results for the proposed LeNet Wavelet fusion frame-
work across the three modalities, including training and validation accuracy versus 
epochs, highlighting the model’s learning progress over 30 epochs. The system reaches 
a final accuracy of 93.0% on both the training and test sets, demonstrating consistent 
and robust performance. The ROC curve, which illustrates the relationship between 
true positive rate and false positive rate, demonstrates excellent discrimination across 
all three classes. The system achieves outstanding AUC values of 0.9733 for normal 

Fig. 13  The confusion metrics for the proposed PCA fused dataset using AlexNet

 

Fig. 12  Input and output images of the PCA Model, where: a MRI image, b DM image, c US image, d PCA fusion 
result for 3 modalities, and e fused images of (MRI, DM, and US) using (PCA + MCFO)

 

Fig. 11  a The relation between training accuracy and training loss versus iterations, b The ROC curve for the PCA 
method
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cases, 0.9730 for benign cases, and 0.9790 for malignant cases, with an average ROC-
AUC score of 0.9751. These near-perfect discrimination scores indicate that the wave-
let fusion strategy combined with the LeNet-5 architecture produces highly informative 
feature representations that enable precise and reliable classification across all diagnos-
tic categories. The confusion metrics for the proposed wavelet fusion using LeNet-5 are 
shown in Fig. 20.

Results and evaluation for 3 modalities using (DenseNet-121 + PCA + MCFO)

Figure 21 shows the simulation results for the proposed wavelet-based fusion framework 
using a fine-tuned DenseNet-121 model across three imaging modalities. The confusion 
matrix displays the classification performance for the three classes. The system achieves 
an overall accuracy of 86.42%. Training was carried out over 30 epochs with a learning 
rate of 0.001 and a batch size of 32 on a single CPU. The training progress graph (inset) 
indicates that the validation accuracy reaches 86.42%, while the smoothed training accu-
racy levels off at approximately 84.7%, with a final training loss of 0.72. The confusion 
matrix, as shown in Fig. 22, details class-wise performance: the Normal class correctly 
identifies 2,508 out of 2,902 instances (86.4% recall), the Benign class correctly classifies 
7,413 out of 8,576 (86.4% recall), and the Malignant class correctly identifies 9,466 out of 
10,951 (86.4% recall).

Fig. 15  Input images and outputs of our wavelet model, where (a5) refers to the MRI image, (b5) refers to the 
DM image, (c5) refers to the US images, (d5) refers to the wavelet fusion result for 3 modalities, and (e5) represents 
fused images of (MRI, DM, and US) using (Wavelet + MCFO)

 

Fig. 14  a The relation between training accuracy and training loss versus iterations for the proposed wavelet-
based method, b the ROC curve for the wavelet method

 



Page 24 of 31Ashraf et al. Journal of Electrical Systems and Information Technology           (2026) 13:37 

Most misclassifications happen between benign and malignant categories, a common 
challenge in breast cancer diagnosis due to overlapping morphological features, with 466 
benign samples misclassified as malignant and 520 malignant samples misclassified as 
benign. The ROC curves show high AUC values of 0.9643 for Normal, 0.9561 for Benign, 
and 0.9545 for Malignant, with a mean AUC of 0.9584, indicating excellent discrimina-
tive power across all classes. These results demonstrate the effectiveness of transferring 
DenseNet 121 features for multimodal breast mass classification.

Results and evaluation for 3 modalities using (DenseNet-121 + Wavelet + MCFO)

Figure 23 shows the simulation results for the proposed wavelet-based fusion frame-
work using a fine-tuned DenseNet 121 model on three imaging modalities. The confu-
sion matrix displays the classification performance across the three classes. The system 

Fig. 17  a The relation between training accuracy and training loss versus iterations for the proposed PCA-based 
fusion method, b the ROC curve for the PCA method with LeNet

 

Fig. 16  The confusion metrics for the proposed wavelet fusion using AlexNet
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achieves an overall accuracy of 94.31%. Training was conducted over 30 epochs with a 
learning rate of 0.001 and a batch size of 32 on a single CPU. The training progress graph 
indicates that the validation accuracy reaches 94.31%, while the training loss decreases 
steadily throughout the process.

The confusion matrix, as shown in Fig.  24, reveals detailed class-wise performance: 
the Normal class correctly identifies 2,737 out of 2,902 instances (94.3% recall), the 
Benign class correctly classifies 8,088 out of 8,576 (94.3% recall), and the Malignant class 
correctly identifies 10,328 out of 10,951 (94.3% recall). Most misclassifications occur 
between the benign and malignant categories, a common challenge in breast cancer 
diagnosis due to overlapping morphological features, with 293 benign samples misclas-
sified as malignant and 405 malignant samples misclassified as benign. Additionally, 
some cross-class confusion is observed with the Normal class: 115 normal samples are 
misclassified as benign, and 50 as malignant. The ROC curves yield high AUC values of 
0.9742 for Normal, 0.9723 for Benign, and 0.9795 for Malignant, with a mean AUC of 

Fig. 19  a The relation between training accuracy and training loss versus iterations for the proposed wavelet-
based method, b the ROC curve for the wavelet method using LeNet-5

 

Fig. 18  The confusion metrics for the proposed PCA fusion using LeNet-5
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0.9753, indicating excellent discriminative power across all classes. These results dem-
onstrate the effectiveness of transferring DenseNet-121 features for multimodal breast 
mass classification.

Comparative analysis

Table 6 provides a comparative analysis of the two proposed fusion models (PCA and 
Wavelet), highlighting their performance based on six different metrics: SSIM, PSNR, 
RMSE, CC, ERGAS, and UIQI. The results show that the proposed multimodal fusion 
methods using US, DM, and MRI images significantly outperform fusion based on 
ground truth images across several quality metrics. For example, the (Wavelet+MCFO) 
method achieves the highest structural similarity (SSIM = 0.6439), correlation coefficient 
(CC = 0.8884), and universal image quality index (UIQI = 0.9160), while also produc-
ing the lowest RMSE (21.83 dB) and ERGAS (0.5006), indicating better preservation of 

Fig. 21  a The relation between training accuracy and training loss versus iterations, b The ROC curve for the PCA 
method Fusion Based with DenseNet 121 Training Strategy

 

Fig. 20  The confusion metrics for the proposed wavelet fusion using LeNet-5
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structural details and spectral fidelity. Similarly, (PCA+MCFO) shows notable improve-
ments over the PCA method using ground truth, with higher SSIM (0.5767 vs. 0.1082), 
CC (0.8018 vs. 0.5641), and UIQI (0.6304 vs. 0.1730). These metrics confirm that com-
bining the three modalities through advanced fusion techniques results in images that 
are more accurate and clinically useful than those based solely on a ground truth refer-
ence, as shown in Fig. 25. Additionally, processing times remain low (under 0.5 s).

A comparison of the two proposed models with the most recent study [35] is presented 
in Table 7. The results indicate that the wavelet fusion based on AlexNet achieves excep-
tional outcomes for breast cancer classification, with high levels of 95% precision, 97.4% 
accuracy, and 96.95% ROC. The fusion technique’s use of multiple images for enhanced 
data processing is what led to these outstanding results.

While AlexNet demonstrates superior performance with wavelet fusion (97.40% 
accuracy, 95% precision, and 96.9% ROC-AUC) due to its strong feature extraction 

Fig. 23  a The relation between training accuracy and training loss versus iterations, b The ROC curve for the Wave-
let method Fusion Based with DenseNet 121 Training Strategy

 

Fig. 22  The confusion metrics for the proposed PCA fusion using DenseNet-121
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capabilities that better capture multi-scale features in fused medical images, LeNet 
with wavelet fusion also achieves competitive results (93% accuracy, 97% precision, and 
95.51% ROC-AUC). Notably, wavelet-based fusion methods significantly outperform 
their PCA-based counterparts across all architectures, with Wavelet + AlexNet showing 
a notable improvement of nearly 9% over PCA + AlexNet (88.74%). The Wavelet + LeNet 

Table 6  Comparison evaluation of the average fusion metrics results for the proposed methods
Method SSIM PSNR (dB) RMSE (dB) CC ERGAS UIQI Process-

ing time 
(sec)

PCA for ground
truth image

0.1082 -26.31 40.4965 0.5641 0.8309 0.1730 0.0164

PCA 0.4424 -40.8539 41.3415 0.6315 0.5226 0.06302 0.3995

PCA+MCFO 0.5767 -31.6177 38.0963 0.8018 0.7885 0.6304 0.3604

Wavelet for ground 
truth image

0.2006 30.29 -30.29 0.6753 0.6487 0.0640 0.4690

Wavelet 0.3483 -28.2679 25.9058 0.8418 0.5445 0.8258 0.3136

Wavelet+MCFO 0.6439 -27.5417 21.8280 0.8884 0.5006 0.9160 0.3514

Fig. 25  Input and output images of the Ground Truth image Fusion, where: a Normal image, b Benign image, c 
Malignant images, d PCA fusion result for 3 Images, and e Wavelet fusion result for 3 Images

 

Fig. 24  The confusion metrics for the proposed wavelet fusion using DenseNet-121
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architecture was selected as the main framework in this study because of its exceptional 
precision (97.0%) and balanced performance across all metrics, along with its computa-
tional efficiency and interpretability, which are essential for clinical deployment. The sys-
tem exhibits strong discrimination capabilities with a mean ROC-AUC of 0.9751 across 
all diagnostic categories. For DWT-based methods with LeNet-5 and MCFO, results 
were 97.0%, 95.51%, and 86.42%, respectively, compared to PCA-based results with 
LeNet and MCFO, which were 81.42%, 96.43%, and 84.7%. DWT-based results using 
DenseNet-121 with the MCFO method were 91.23%, 97.53%, and 94.31%, respectively, 
compared to PCA-based results with DenseNet-121 and MCFO, which were 87.0%, 88%, 
and 93%, respectively.

Conclusion and future work
In this paper, we introduce two proposed approaches: the first combines PCA decompo-
sition for image fusion with an AlexNet architecture for feature extraction, enhanced by 
a modified central forced optimization filter (MCFO). The second approach merges the 
wavelet method for image fusion with the AlexNet architecture for feature extraction, 
further improved with the MCFO filter to enhance classification accuracy. The meth-
ods were evaluated using a large dataset from the Baheya Foundation for early detec-
tion and treatment of breast cancer in Egypt. Compared to the PCA-based image fusion 
method with AlexNet, the wavelet-based fusion approach combined with AlexNet and 
augmented by the MCFO filter achieves superior classification accuracy.

This framework demonstrates improved diagnostic classification of breast images 
into normal, benign, and malignant categories. In future work, we aim to further boost 
classification accuracy by adding more modalities for feature extraction using various 
deep-learning techniques and filters. For comparison, four additional hybrid models 
were developed and evaluated: PCA+LeNet-5, Wavelet+LeNet-5, PCA+DenseNet-121, 
and Wavelet+DenseNet-121. Among these, the DenseNet-121-based models per-
formed well, with Wavelet+DenseNet-121 reaching 94.31% accuracy, while the 
LeNet-5-based models achieved moderate results of 85–86%. However, the proposed 
Wavelet + AlexNet + MCFO framework consistently outperformed all four compara-
tive models, demonstrating the effectiveness of the MCFO augmentation strategy. We 
achieved the best results with the second approach because the fusion process is more 

Table 7  Comparison evaluation for the proposed methods
Model Accuracy (%) Precision

(%)
Recall
(%)

F1 Score
(%)

ROC-AUC
(%)

[35] 86.97 - - - -

1st Proposed Method
(PCA + MCFO + AlexNet) Fused Datasets

88.74 87 83 90.7 91.8

2nd Proposed Model
(Wavelet + MCFO + AlexNet) Fused Datasets

97.4 95 96.0 93.0 96.9

3rd Proposed Method
(PCA + MCFO + LeNet-5) Fused Datasets

85.56 87 83 88 88

4th Proposed Model
(Wavelet + MCFO + LeNet-5) Fused Datasets

93 94 93 91.87 95.51

5th Proposed method
(PCA + MCFO + DenseNet-121) Fused Datasets

84.7 87 82 85.8 93

6th Proposed Model
(Wavelet + MCFO + DenseNet-121) Fused Datasets

94.31 91.23 83 90.7 96.53
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efficient and all images provide more information, enabling the model to learn and vali-
date more accurately.
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